This paper is the first study devoted to credit risk modelling issues of lease portfolios.
Introduction
The 1988 BIS 3 (Bank for International Settlements) Accord provides essentially one option for measuring the appropriate capital requirement of an internationally active bank in order to protect it against the systemic risk due to credit risk. Current capital allocation is calculated as being the product of the regulatory capital ratio (the riskweight times 8%) multiplied by the exposure at default (EAD). At least half of the capital requirement (i.e. a minimum of 4%) must be held in the first-tier capital that includes shareholders' equity capital plus published disclosed reserves. The second tier, comprising undisclosed and revaluation reserves, general provisions and loan loss reserves, as well as hybrid and subordinated term debt, constitutes the remaining capital requirement. Capital for goodwill and investment in unconsolidated subsidiaries are not taken into account for the calculation of the minimum capital. The ultimate goal is to ensure that the overall level of regulatory capital generated is sufficient to cover the underlying credit risks. The New Accord will comprise three kinds of approach: the Standardised approach, the Internal Rating-Based (IRB) foundation approach and the advanced IRB approach.
The Standardised approach relies on credit rating from agencies to evaluate riskweights for capital adequacy. While financial collateral are recognised in the standardized approach, no reduction regarding physical collateral (other than real estate) is currently forecasted in the proposal for the New Accord.
If a financial institution chooses to use its own rating system, it faces two options: the IRB foundation approach and its advanced version.
The main differences between these two approaches are the calculations of loss given default, maturity and exposure at default. In the foundation approach, only the probability of default of borrowers has to be reliably estimated (other parameters are set by regulators) while, in the advanced approach, loss given default, exposure at default and maturity also have to be estimated by banks. In the advanced approach, the financial institution is required to demonstrate to supervisors that the estimations are based on a wide empirical database and are consistent with its own experience in the previous years. Given risk probability of default, loss given default, exposure at default and maturity, capital requirement is defined through an algebraic formula that is based on credit risk models. The total capital requirement of the financial institution is calculated as the sum of requirements of all sub portfolios 4 .
A number of empirical academic studies have been carried out to assess the implications of the Basel proposal, e.g. the studies by Altman and Saunders (2001a) on the adequacy between capital requirements and ratings; Dietsch and Petey (2002) on French SME loan portfolios; Calem and Lacour-Little (2001) The Basel Committee on Banking Supervision consists of representatives central banks and supervisory authorities (of Belgium, Canada, France, Germany, Italy, Japan, Luxembourg, the Netherlands, Sweden, Switzerland, the United Kingdom, the United States) 4 According to the latest documents released by the Basel Committee, 12.5% of total capital should be devoted to cover operational risks. The proposal also addresses two other pillars: Pillar II (supervisory review) and Pillar III (market discipline).
(2001), The Risk Management Association (2001) , etc. Nevertheless, regarding capital requirements, no studies have so far been conducted on leasing credit risk Therefore, we strive to define a model to estimate the total capital requirement for leasing portfolios. The model should take into account the fact that leases are not quoted in organised financial markets. This restricts the choice of models as those that incorporate transition probabilities between non-default classes cannot be used without adaptations. In contrast with wholesale commercial loans for which financial market prices, financial data, data from rating agencies, etc. can be readily obtained, fewer data are available for the leasing industry. The present study is based on an analysis on 35,861 automotive leases issued between 1990 and 2000 by a subsidiary of a well-known European financial institution.
Our study should be of considerable use since under the current proposal there is no recognition of marketable physical collaterals such as cars, aeroplanes, trucks, ships, industrial machinery, etc. The use of such collaterals is specific to the leasing industry by its very nature. This specificity reduces the risks incurred by leasing businesses, particularly in the event of default. Our study should go some way towards defining a benchmark for an adequate weighting ratio for the capital requirements of leasing businesses.
The next Section outlines the background to credit risk models. It is followed by Section 3, which explains our methodology to evaluate distribution losses partly on the basis of CreditRisk+ TM . Section 4 describes our data while Section 5 provides empirical results. Sections 6 and 7 respectively discuss our results concerning capital requirements and compare these results with those calculated through the IRB approaches. Finally, a conclusion is drawn.
Background to Portfolio Credit Value-at-Risk Models and Applicability to the Leasing Industry
In recent years, several credit value-at-risk models have been released to the public by major financial institutions or corporations. where default is endogenous and related to the capital structure of the firm and (ii) on credit migration that is the probability of moving from one credit quality to another. In those models, a borrower defaults when the assets fall under a given threshold and changes in asset values are related only to credit migration 5 . If changes in asset value are normally distributed, the default probability is the probability of a standard normal variable falling below a critical value. Theses models are often qualified as 'Mertonbased' or 'structural-form' models. All mentioned models treat recovery rates and probability of default as two independent variables. CreditMetrics, CreditPortfolioView and the KMV model treat the recovery rate in the event of default as a stochastic variable, generally through a 5 The central feature of CreditMetrics TM is the 'Expected Default Frequency' (EDF) established for each issuer rather than the average historical transition frequencies produced by rating agencies for each credit class. beta distribution, while CreditRisk+ TM treats the recovery rate as a constant for each single credit exposure.
Comprehensive comparison of these different models is detailed in Hickman et al. (1998) and Crouhy et al. (2000) . According to these authors, all these models seem to be appropriate to measure credit risk in the case of bonds and loans. This conclusion has found empirical support in a joint study 6 
Distribution of default losses
What is the SEVERITY of the losses?
The different steps followed to estimate loss distributions on a rolling-stock lease portfolio are explained below. These steps are schematised in Figure 1 .
(i) Default rate and systematic factor weight (Building Block #1 in Fig.1) Following the CreditRisk+ TM model, we assume that the default rate is driven by both a systematic factor and a specific factor. Defaults of individual lessees are assumed to be independently distributed Bernoulli draws and are conditional on a systematic factor x t .
To estimate conditional annual default probabilities, we use the methodology given in Altman (1989) 
where n is the number of segments studied, a segment being a collection of leases with the same characteristics. Exact specifications of these characteristics will be discussed later.
The systematic factor is assumed to be random and Gamma-distributed 9 with unit mean and variance σ². The systematic factor weight, w k , allows for the relative importance of systematic risk across segments while the weight of the specific factor is (1-w k ). w k takes values between 0 and 1.
The conditional probability p k (x t ) is then formulated as follows: 8 i.e. an actuarial technique for building life tables for human beings. 9 In the original presentation of CreditRisk+ TM , the number of default follows a Poisson process with a parameter λ, and this is Gamma-distributed. The resulting distribution is a negative binomial distribution, which enables us to represent distribution with fat tails, and has the interesting property of additivity. This is useful for the purpose of combining several segments to obtain loss distribution for a
The intuition behind equation (2) is that the risk factor x t aims to scale up or scale down the unconditional probability of default k p . A high (low) draw of x t is associated to a downturn (boom) of the economy and the conditional probability of default is thus scaled up (down). We assume that the specific risk ε can be diversified away, hence does not contribute to overall portfolio variance, hence the specific factor is constant and set at 1. This condition guarantees equality (1).
The number of default contracts d kt is given by:
where p k (x t ) is the probability of default given the state of x t and n kt the number of contracts issued in segment k at the start of year t.
Then, we use the methodology given in Gordy (2000) to estimate the unconditional variance of the default rate for the different segments analysed in our portfolio. In estimating the unconditional variance Var [p k (x t )], the assumptions are that (i) the realised values of the systematic factor x t are serially independent, (ii) obligor defaults are conditional on x t , and (iii) the size of the universe n kt is independent of the realisation of x t . The unconditional variance of p k (x t ) is estimated by:
where p kt is defined as d kt /n kt .
As the variance of conditional probability of default is given by:
whole portfolio consisting of different components with different default rate characteristics. Finally, for a given value of σ, the systematic factor loading w k is uniquely defined for each segment. As noted in Gordy (2000), the value of σ determines the shape rather than the scale of the density function of losses, the latter being determined by the product
(ii) Loss given default (Building Block #2 on fig.1 )
In the event of default by an obligor, the financial institution incurs a loss given default equal to the amount owned by the obligor minus the amount recovered. In CreditRisk+ TM the exposure for each obligor is adjusted by the anticipated constant recovery rate in order to calculate the loss in the event of default. In this model, adjusted exposures are exogenous and are independent of market risk and downgrade risk.
In our study, we take into account the variability of the exposures and the recovery rates. Loss given default is the product of the exposure at default and the loss rate (that is 1-recovery rate). We introduce a stochastic variable to estimate losses given default through a sum of the product of a binomial distribution and a lognormal distribution. When recovery rates are greater than one, a negative loss or a gain is incurred. As the domain for the values taken by the lognormal distribution is for positive values, we calculate conditional loss distribution given default when (i) recovery rate is less than 1 and (ii) when recovery rate is greater than or equal to 1.
Default rate and recovery rates are assumed to be independent.
The estimation of the loss given default when recovery rate is less than 100% for each segment is obtained by:
and estimation of the loss given default when recovery rate is greater than 1 for each segment is obtained by:
closed-form solutions are given for the probability of portfolio losses.
where P k and (1-P k ) are respectively the probability of incurring a loss and not incurring any losses in the event of default, n the number of segments, and µ k , and σ k are respectively the average losses given default and the standard deviation of losses given default, while µ' k and σ' k are respectively the average losses given default and the standard deviation of losses given default when the recovery rate is greater than 1. Index i states for the i th drawing of the random variables.
The estimation of the loss given default is then given by: It should be noted that two assumptions are made: (i) only one systematic factor is taken into account and (ii) the granularity is infinite, i.e. each segment studied is well diversified. The latter assumption will be discussed later.
4.

The Data
According to Each contract is non-cancellable and lessees are responsible for the selection, acquisition and maintenance of the asset. The lessee is required to pay the associated taxes and insurance premiums. At maturity, the residual value of the leased assets returns to the lessor.
Lease contracts specify penalties and the conditions under which the lessee is considered to be in default. In the event of default, the lessor can repossess the asset, declare the remaining payments due and payable, and claim any losses incurred. In some cases, the lessor may allow the lessee to terminate the lease prior to maturity by buying the asset.
Our database consists of a unique set of 35,861 individual rolling-stock lease contracts issued by a major European financial institution between 1990 and 2000 on a high competitive market. All the leases in our database ended before December 31, 2000.
The lessee's company code, contract number and subcontract number identify each contract. The database contains all the relevant information concerning the leases throughout their life. The available variables fall into two categories: ex-ante and expost. Ex-ante variables include the following: the origination date of the contract, the cost and type of the asset, the maturity of the lease, the periodicity of forecasted payments, the amounts of any prepayments, the amount of any broker commissions, the estimated residual value, the estimated funding rate, the ex-ante internal rate of return (purchase option included), the ex-ante internal rate of return (purchase option excluded), the due dates, and the amounts to be paid. As regards ex-post variables, we have comprehensive data concerning all effective payments (reimbursement), including the payment dates, the final status of the contract (re-rented, terminated or defaulted), and the date of the declaration of the status.
Descriptive statistics of the sample are shown in Table 1 . Panels A, B and C provide the descriptive statistics and frequency distribution respectively by the issuance date of the lease contract, the cost of the leased asset, and the term to maturity of the lease. The oldest leases from our sample were issued in 1990 and the most recent leases were issued in 2000. The average cost of the leased asset is 23,357 euros with a minimum of 7,436 euros and a maximum of 495,787 euros. The average contractual term-to-maturity of lease contracts is 48 months with respectively a minimum and maximum term of 0 and 120 months. A lease contract with a 0-month term-tomaturity is originated for stock financing purposes. Overall, 9.1% of the contracts in the database are defaulted contracts.
It should also be pointed out that less data on leases are available for the most recent year, since our database consists only of completed contracts. Panel D of Table 1 indicates the number of leases in our sample in comparison with the total number of automotive leases issued between 1990 and 2000 by the company. For the years 1990
to 1995, our sample covers almost all the contracts issued. For the years after 1995, the percentage of contracts in our sample in relation to the total number of contracts issued is much smaller since numerous contracts had not been completed when the database was created at the beginning of 2001.
Panel E in Table 1 shows the final status of the contract (re-rented, completed or defaulted). The percentage of defaulted contracts in our database is overestimated since for cohorts after 1995 we have no data concerning contracts still running on 31
December 2000.
5.
Results
Calculation of Default Rate and Systematic Factor Weight
As mentioned previously, our analysis is based on 35,861 automotive lease contracts.
The weighted average default rate and its standard deviation are calculated respectively with the methodology given in Altman (1989) and Gordy (2000).
The default rate can be calculated only if all the data for a given cohort 11 are available.
Since our database consists solely of closed contracts issued between 1990 and 2000, we take into account the following:
• 1990-1999 cohorts for contracts with a maturity of 1 year
• 1990-1998 cohorts for contracts with a maturity of 2 years
• 1990-1997 cohorts for contracts with a maturity of 3 years
• 1990-1996 cohorts for contracts with a maturity of 4 years
• 1990-1995 cohorts for contracts with a maturity of 5 years
• 1990-1994 cohorts for contracts with a maturity of 6 years.
Different types of contract are issued. Therefore, following the general opinion of managers, we split our sample into three different groups: the first includes leases with a maturity of less than one year, the second includes leases with a maturity between 12 and 47 months, and the third consists of leases with a maturity over 47
months. This allows us to decrease the number of lease sub-portfolios so as to ensure that enough leases are available in each to carry out our study effectively. Once the three groups have been defined, we conduct our analysis of default probability according to the number of years after issuance (or the age of the contract). Taking this variable into account is essential since the probability of default, the recovery rate and the exposure at default (and consequently the loss given default) vary depending on the time elapsed since the issuance of the contract. In other words, the age of the contract is a good driver to explain probability of default and loss given default.
11 Cohorts are defined on a yearly basis.
For each group, we perform the Kruskal-Wallis test 12 to determine whether, in the group in question, leases with different maturity (on a yearly basis) have the same probability of default in relation to the age of the leases. The results can be found in Table 2 . As for the segment including leases with a maturity between 0 and 47 months (Table 2 , Panel A), one cannot reject the null hypothesis (at a probability α=5%) that default rates have the same mean for each yearly period after issuance. Concerning the segment that includes leases with a maturity over 47 months (Table 2 , Panel B), the same conclusion can be drawn although for time after issuance between 12 and 23 months, the significance level is less than 5%. It appears that this is due to an extreme observed value for a defaulted lessee that had quite a number of leases within the company. After analysis, this extreme value seems to be related to a specific risk.
Conversely, when the analysis is conducted on leases with all kinds of maturity, the null hypothesis (at a probability α=5%) has to be rejected (Table 2 , Panel C).
In short, organising our sample in three groups is appropriate since we cannot exclude the possibility that leases within each group have the same probability of default in relation to the age of the leases. In our research, a segment includes all leases in a given group and a given age. For each segment, estimations of the average default rate, standard deviation of default rate, systematic factor weight, and probability of incurring loss given default are shown in Table 3 . A segment includes all leases of a given maturity and of a given age. The characteristics of each segment are given in table 3.
As regards the systematic factor weight, a problem arises in that the factor loading exceeds 1 in segment A. This implies a negative weight on the specific factor, which violates both intuition and the assumptions of the model. In some cases CreditRisk+ TM can tolerate negative weights (see Gordy (2000)). However, as we have few defaults for segment A, which were observed during economic downturns (years 1991 and 1993), we set w=1 for segment A. It includes leases with a maturity of less than one year (stock financing purposes). By setting w=1, we make the assumption that segment A is only affected by the systematic factor. The last column of Table 3 indicates that the probability of incurring a loss given default varies between 37% and 100%. The probability decreases with the age of leases since the amount to be recovered decreases with time after origination, as shown, while on average the recovery rate increases substantially.
Calculation of Loss Given Default
If the lessee were to surrender the lease, the lessor would immediately recover the leased good. As for other unfulfilled obligations, the lessor would be treated like other creditors as far as the economic loss, unpaid rentals, unpaid fees, and the loss of potential earnings on rentals are concerned.
We conduct an empirical analysis of averages and volatilities of recovery rates on defaulted contracts. Averages and volatilities of recovery rates are calculated starting from individual defaulted leasing contracts. A leasing contract is defined as defaulted when the company has unilaterally cancelled the agreement because the lessee has not paid the scheduled rental (interests and/or principal). Default does not refer to an interruption of the contract due to any other reason.
First we calculate the recovery rate as the discounted (at the ex-ante internal rate of return) amounts recovered in comparison with the outstanding amount on the date of default. The results are shown in Table 4 . Leasing shows high recovery rates in the event of default as illustrated in Table 4 (see also De Laurentis and Geriano (2001)). The levels of weighted average recovery rates are below those observed for the unweighted data since they are strongly affected by high recovery rates (when the amounts to be recovered are small or again when the age of the contract at the time of default is near to the maturity).
On weighted average, 69% of the outstanding amount is recovered when we consider only the sale of the defaulted lease assets, while the weighted average recovery rate reaches 80% when other kinds of recovered amounts are taken into account. As for average recovery rates, weighted average recovery rates increase substantially with the age of the lease contracts.
Next, by means of Bin(1, P k ) we estimate the probability of no loss being incurred in the event of default. The estimator of P k is the number of leases in default with a recovery rate of less than 100% divided by the total number of defaulted leased in segment k.
Losses given default for defaulted contracts are the product of total exposure and (1-recovery rate). We estimate losses given default conditional upon (i) a recovery rate of less than 100% and (ii) a recovery rate of more than 100% through lognormal distributions for each segment we defined 13 . The choice of lognormal distribution is in adequacy with the fact that losses given default follow asymmetric distributions with fat tails.
We estimate the mean and the standard deviation of the distribution of the logarithm of conditional loss given default with Huber's M-estimator and the median absolute deviation statistic (MAD) respectively. They are robust estimators respectively for the mean and the standard deviation of a normal distribution.
We perform Chi-Squared, Kolmogorov-Smirnov and Anderson-Darling tests to examine the goodness-of-fit of the conditional loss distributions with lognormal distributions. The results are summarised in table 5. The null hypothesis (at a probability α=5%) that conditional loss distributions are lognormally distributed cannot be rejected for all segments studied except for the segments G (the null hypothesis should be rejected for the three tests), A and F (the null hypothesis should be rejected for two tests). Nevertheless, for these segments the P-P 14 and Q-Q 15 graphs are nearly linear for a p-value above 25% and the corresponding quantile. Therefore, we can assume that our fit with a lognormal distribution suits our purposes.
Generally for high quantiles, fitted values are higher than those for the sample. This is not in contradiction with our fit since extreme values are by definition rare.
In summary, fitted losses given default through lognormal distribution seem adequate for our purposes and rather conservative for very high quantiles. 13 When the recovery rate is more than 100%, losses given default are negative. In that case, in order to estimate the lognormal distribution of losses given default, we take their absolute values. 14 The P-P graph (Probability-Probability) plots the p-value of the fitted distribution against the p-value of the input data. 15 The Q-Q graph (Quantile-Quantile) plots the percentile values of the fitted distribution against the percentile values of the input data. 
Calculation of Loss Distribution
We conduct our analysis of the company's portfolio as constituted on 30 June 1995.
On that date the portfolio includes leases corresponding to all the maturities and times after issuance (ages) studied. The shares of each segment in the studied portfolio, calculated as the outstanding amount of a segment divided by the total value of the portfolio on 30 June 1995, are given in table 6. Figure 2 shows the results obtained for the whole portfolio from running a MonteCarlo simulation (100,000 scenarios) when we used σ=2. Values in 10E-2
PROBABILITY
The maximum total losses incurred at the 99.9% confidence level are more than 4.3%
for segments B. These results are much higher than for the other segments where total losses are between 0.81% and 1.91%.
In our portfolio the highest-risk segment is the first year of leases with an original maturity between 12 and 47 months. This is due to the fact that (1) default rates are relatively sensitive to the systematic factor and (2) losses given default are high (e.g.
exposures at default are high during the first years of leases). Conversely, one can see that leases with maturity over 47 months and age over 60 months show low losses.
Furthermore, the relationship between maturity and risk incurred is not straightforward. 1.91% 4.32% 0.89% 0.92% 1.04% 1.09% 1.70% 1.85% 1.10% 1.04% 0.81% 1.45% 6.
Discussion
The Segmentation of our Sample
In our study, we did not segment our sample according the ratings of the contract since they were not available. We decided to define segments according to similarities in terms of businesses. As we analysed exposures at default, recovery rates, and losses given default, the segmentation is according to time-to-maturity and the age of leases.
These two variables seem adequate risk drivers for our concerns.
This segmentation fulfils the recommendations given in a note of the Models Task The Models Task Force proposes the following characteristics in the process of assigning exposures to a pool: (i) borrower risk characteristics (ii) transaction risk characteristics (iii) delinquency of exposure and (iv) seasoning. Nevertheless, banks are also encouraged to evaluate the effect of other characteristics.
The Calculation of Default Rate
As we use a Monte-Carlo simulation, the Poisson approximation used in CreditRisk+ TM is not necessary in our study and the approximation error is therefore eliminated. This can be an advantage in some cases where the error induced by the Poisson approximation is liable to be magnified (e.g. for a high kurtosis distribution). 
6.3
The Choice of σ Given the choice of σ while holding wσ constant, the mean and the standard deviation of loss remain unchanged although the high percentile values do change 18 . This is partly due to the fact that the kurtosis of a gamma distribution is linked to σ. A gamma distribution with mean of 1 and variance σ² has a kurtosis of 3(1+2σ²). One can show that the kurtosis of p k (x t ) equals the kurtosis of x t , so increasing σ increases the kurtosis of p k (x t ). Therefore, when σ is greater than 1, CreditRisk+ TM is more conservative than CreditMetrics TM as reformulated in Gordy (2000).
As shown in Table 7 , the tail of the loss distribution depends strongly on parameter σ, which determines the kurtosis of the portfolio's distribution. Results are shown in percentages of the outstanding amount (discounted payments due to the financial company at the ex-ante discount rate) for σ =1,2 and 4 for the company's portfolio as constituted on 30 June 1995. At the 99.9% confidence interval, total losses represent between 0.93% and 2.44% of the total outstanding amount while expected losses represent 0.39%.
The need to choose σ in CreditRisk+ TM can be viewed as a drawback. However, in the CreditRisk+ TM manual, it is suggested that σ =1. In Diestsch and Petey (2002), where the portfolio considered is retail as in our case, σ=2 is chosen. This choice leads to a more kurtotic distribution than the one found by using CreditMetrics although in the latter model the calibration of σ is done by fiat, i.e. by imposing more restrictive assumptions on the distribution of the systematic factor.
As we desire to have a conservative benchmark to define adequate capital requirement in relation to the Basel proposal, σ =2 seems reasonable since it leads to a more kurtotic distribution than the model used by the Basel Committee, where the systematic factor is normally distributed.
Recovery Rates and Losses Given Default
Unlike CreditRisk+ TM , given that we use a Monte-Carlo simulation, we do not divide exposures into bands since losses given default are drawn from continuous random variables which have been estimated on the basis of historical data.
Few empirical studies take into account the variability of exposure at default and of the recovery rate. In CreditRisk+ TM , loss given default is fixed. Our database allows us to model loss given default for each segment. By taking into account the variability of the exposures and recovery rates through the loss given default distribution, unexpected losses increase, given an expected value for losses.
To assess the share of different types of recoveries when we estimate loss distributions, we calculate loss distributions under various assumptions on the recovery rates. The above results are based on recoveries from leased asset sales, the enforcement of guarantees and/or collaterals, net worth liquidation, penalties for late payments, late payments, etc.
We compare them with those obtained when we consider recoveries from asset sales only. Additionally, we compute loss distributions with recovery rates constrained to 100% and with recoveries from leased asset sales only constrained to 100% 19 . The results given in Table 8 are for σ=2. 1.45% 1.73% 1.88% 4.21% Statistics on loss distribution based on recoveries from leased asset sales, the enforcement of guarantees and/or collaterals, net worth liquidation, penalties for late payments, late payments, etc. are given in column RV1. When we consider recoveries from asset sales only, results are given in column RV 2 . Statistics on loss distribution with constrained recovery rates constrained to 100% are given in column RV 3 . Statistics on loss distribution for recoveries from leased asset sales constrained to 100% are given in column RV 4 .
Average losses vary from 39 to 110 basis points while at percentile 99.9 total losses vary from 145 to 420 basis points according to the assumptions made on the recovery rates. When we take into consideration only recoveries from leased asset sales (RV 2 ), the average loss is 0.47%. That means that recoveries from leased asset sales account for 83% of total recoveries on average. The fact that we constrain the recovery rates to 100% (RV 3 ) has the effect of increasing the average losses by approximately 30%.
This difference of 30% is observed for all quantiles. However, the difference between, on the one hand, losses calculated with a constrained recovery rate by taking into account the resale of a leased asset (RV 4 ) and, on the other hand, losses generated when we use constrained recoveries of all kinds (RV 3 ) amounts to 58 basis points 20 . This difference increases with relation to quantiles. When we constrained recovery rates to 100%, recoveries other than those due to the resale of the leased assets represent around 55% of total recoveries.
The Variability of Loss Given Default
CreditRisk+ TM treats loss given default (LGD) as a constant while some other models (e.g. CreditMetrics TM , CreditPortfolioView TM ) treat it as a stochastic variable, generally through a beta distribution. When loss given default is stochastic, it is 20 In this calculation the recovery rate constrained to 100% is isolated.
assumed to represent an idiosyncratic risk that can be eliminated through an adequate diversification. Nevertheless, taking into account the variability of loss given default can have a significant impact on the calculation of extreme losses, especially for segments where the probability of default -and hence the number of defaults -is very low 21 . In such cases, the idiosyncratic risk is not totally eliminated through diversification. In table 9, we compare total losses for each segment when losses given default are stochastic and when they are constant. For the calculation of loss distributions with constant LGD, we use as inputs the weighted LGD conditional to the fact that they are positive or negative.
As expected, we observe that for segments representing a small share of the portfolio, there are sensible differences between the estimated total losses. However, for the total portfolio, the risk can be considered as idiosyncratic since by running the simulation to estimate loss distribution with constant loss given default for each segment, the results are identical to those when loss given default are estimated through stochastic variables. 1.30% 4.23% 0.67% 0.41% 0.46% 1.07% 1.70% 1.84% 1.09% 0.87% 0.18% 1.44%
Percentile 99.9 (LGD stochastic) 1.91% 4.32% 0.89% 0.92% 1.04% 1.09% 1.70% 1.85% 1.10% 1.04% 0.81% 1.45%
The Correlation between Default and Recovery Rates
In credit risk models, as in the case of our own investigation, recovery rates and probability of default are usually treated as two independent variables. However, Altman, Resti and Sironi (2001) report a negative correlation between these two variables for corporate bonds over the period 1982-2000. Their central argument is that aggregate recovery rates are basically a function of supply and demand for the corporate bonds. The consequence is that high default rate periods are correlated with higher loss given default expectations than if probability of default and recovery rate are considered independent. Hence, not taking into account this correlation might lead to systematic underestimation of total credit losses.
In the case of leasing, no studies have been carried out on correlation between default and recovery rates. Nevertheless, in the leasing industry, there is a strong feeling that for assets with a well-developed secondary market, such as cars, no correlation should be observed. A Europe-wide investigation on this aspect will be conducted in cooperation with Leaseurope 22 in a near future.
As a first step, we conduct a Kruskal-Wallis test to appraise the null hypothesis that recovery rates are constant over time against the hypothesis that recovery rates vary according to the year of default. Results are shown in Table 10 . The results for recoveries only from asset sales (RR1) do not refuse the null hypothesis (at a probability of α=5%) for all the segments studied except for segment B. This seems to indicate that recovery rates from asset sales are stable over the period studied. The results are mitigated when we consider recovery rates taking all kinds of amounts into account (RR2). The null hypothesis has to be rejected for segments B, F and I. This could be explained by the fact that recoveries other than the sale of the defaulted leased asset are worse during downturns than in better times. 
7.
Comparison between the Capital Requirement Derived from the proposed
Internal Model and the Capital Requirement derived from the IRB Capital Regulation
In the following, we will briefly describe the IRB approaches as currently proposed in the third Consultative Paper of the Basel Committee's proposal (CP3). Then, we provide a comparison between the risk-weight calculations resulting from the internal model and those derived from the IRB weighting scheme.
Overview of the IRB Approaches proposed by the Basel Committee
The New Accord comprises three kinds of approaches: the standardised one, the Internal Rating-Based (IRB) foundation and the IRB advanced approaches.
The standardised approach relies on external credit rating to evaluate risk-weights in relation to capital adequacy. Under this approach, regarding physical collaterals, lending respectively fully secured by mortgage on residential property and mortgage on commercial real estate would be assigned a risk weight of 40% and 100%. While financial collaterals are recognised in the standardised approach, no reduction regarding physical collaterals (other than real estate) is currently provided for in the Basel proposal.
When using their own rating system, financial institutions have the choice between two options: the IRB foundation approach and its advanced version. In the foundation approach, only the probability of default of borrowers has to be reliably estimated (other parameters are set by regulators) while, in the advanced approach, loss given default, exposure at default and maturity also have to be estimated by banks. Under the advanced approach, financial institutions are required to demonstrate to supervisors that their estimations are based on a wide empirical database and are consistent with their own experience in the previous years. Given these parameters, capital requirement is defined through an algebraic formula based on credit risk models. The total capital requirement of a financial institution is then calculated as the sum of requirements for all sub portfolios.
Another element in the proposal is that claims are categorised into corporate or retail exposures.
When claims are classified as retail exposures, under both the standardised and the IRB advanced approaches; capital requirement deductions are provided for. Loans to individuals or to small businesses (when total exposure does not exceed € 1 million) qualify for the capital deduction.
Looking at corporate exposures, the Committee suggests that loans to SMEs entail lower risks than those to larger borrowers. In order to translate this in the proposal, a firm-size adjustment is provided for in the IRB approaches, resulting in SMEs loans being assigned lower capital requirements than loans to larger companies with otherwise similar characteristics.
As lease contracts in our sample relate to private customers or small entities, they should be classified as retail exposures. Indeed, in our sample, 99.1% of leases have an original value of less € 100,000 and the original value of a lease contract never exceeds € 500,000. Furthermore, no lease value represents more than 0.2% of the total portfolio value.
In the following, we briefly describe the IRB approach in accordance with the CP3 23 .
The capital requirement K is calculated as: for a standard normal random variable (the confidence level being set at 99.9%).
• LGD is the loss given default. Under the IRB foundation approach, LGD is set at respectively 45% and 75% for secured and subordinated claims without specifically recognised collaterals. It may be adjusted in order to take into account the risk mitigation effect of recognised collaterals, subject to operational requirements and regulatory floors (i.e. the minimum LGD is set at 0% for financial collaterals, 35% for receivables, residential and commercial real estate and 40% for other physical collaterals). Under the IRB advanced approach, LGD is estimated on the basis of banks' internal risk assessment data.
• PD is the probability of default
• M adj is the adjustment for maturity and is expressed as • ρ =ρ min * (1-e (-x*PD) )/(1-e (-x) ) + ρ max * (1-(1-e (-x*PD) )/(1-e (-x) )) -S adj (10) with ρ min is the minimum correlation. It equals to 12% for corporate exposures and to 2% for retail exposures. Table 11 .
Under the standardised approach, exposures qualifying as belonging to retail portfolio would be assigned a risk weight of 75%. Thus, a 6% (i.e. 75% times 8%) regulatory capital is required when dealing with retail leasing portfolios.
Capital requirements as under IRB approaches were computed in three different ways:
• First, for IRB foundation approach, formula (9) and (10) were used, assuming an effective maturity of 2.5 years, a borrower total sales of 5 millions euro and a LGD of 40% (i.e lowest LGD allowed when recognising other physical collaterals, as mentioned above). There is no special treatment for retail exposures in the IRB foundation approach.
• Second, for IRB advanced approach, formula (9) and (10) were used, without maturity or size adjustment and LGD equal to (1 -WRR2) 24 . Formula's parameter as set for retail exposures.
• The last calculation's assumption closely follows the second one, except that
LGD was fixed at floor of 40%. Looking at the IRB foundation approach, the required capital is much more than that required when using the internal model with a factor varying from 1.68 to more than 19.
When we consider the results obtained from the advanced IRB approach, the capital requirement is more in line with the capital requirement estimated with the internal model. It should be pointed out that for segments with very low LGD, the capital required by the Basel Committee is inferior to the capital we estimated with our internal model. It is the case for segments D, E and K and results from the use in our internal model of weighted average LGD conditional on the fact they are positive or negative.
With a floor at 40% for LGD, the regulatory capital requirement is still estimated at over three times at least the estimated capital required with a factor varying from 1.2 to 13.4 (except for segments K for which the factor is 30.97).
We are aware that the estimated loss calculated with the internal model does not correspond to the capital required by the Basel Committee. Among others, the Basel Committee suggests that when calculating the total capital requirement, 12.5% should be allocated to cover operational risks. Nevertheless, in the light of the above results and comments, it appears that the capital requirement under the IRB approaches is rather high for the leasing business.
Conclusion
This paper presents the first empirical results on the default and loss performance of leases taking into account the available ex-ante and ex-post data. Furthermore, our study considers the variability of the recovery rate. We proposed, for the leasing business, an internal credit risk model based on actuarial methods. The methodology was applied to the portfolio of automotive leases issued by a major European leasing company.
In our analysis, we estimated expected and total losses at the 99%, 99.5% and 99.9%
confidence levels. The results are shown according to the original maturity and age of the leases. It is apparent that the capital needed to cover losses can differ greatly depending on the segment studied. Additionally, it was found that useful comparisons of estimated losses could be made between the situation where we considered only recoveries from leased asset sales and the situation where all kinds of transactions for recoveries were taken into account.
The initial results of the simulations performed on this basis tend to strengthen the case for a more favourable weighting ratio for capital adequacy than that suggested in the current BIS proposal. It was shown that leasing represents a low risk business, especially when time-to-default is far from the origination date of the lease since there are high probabilities that the recovery rates on defaulted lease contracts are higher than 100%. The Basel Committee has not yet taken these facts into account formally.
The Internal Rating-Based Approach should allow the decomposition of portfolios according to maturity and age of lease contracts, since exposures, default rates and recovery rates (and hence the risk) vary accordingly.
In light of our results, the use of IRB foundation approach (as the standardised approach) leads to much higher regulatory capital requirements the IRB advanced approach. Under the IRB foundation approach, regulators set LGD while PD is the only input that should be estimated internally in order to calculate capital requirements. The absence of capital requirement adjustment for retail exposures and the low capital requirement relief granted for physical collaterals (LGD adjustment is limited to 5%) 25 involve that this approach may not be economically sound for a significant portion of leasing companies.
In conclusion, although the empirical results presented above are sensitive to the basic assumptions made, they nonetheless provide substantial evidence for the need to better recognise the credit risk mitigant effect of physical collaterals in the Basel
Committee's new framework. Indeed, a wider recognition of physical collateral would not only better reflect the relatively low-risk profile of automotive lease exposures but it would also reduce the significant gap in capital requirements stemming from the different approaches. This is essential in meeting one of the new framework's main objectives, i.e. to provide banks with reasonable incentives (in the form of capital requirement relief) to pass to the more advanced approaches.
25 A regulatory floor on LGD limits LGD adjustment to 40% for 'other physical collaterals' (cf. Working Document, Annex E-3, § 3.1.4.2, p. 29).
